A novel method to analyze evolutionary change is presented and its application to the analysis of sequence data is discussed. The investigated method uses phylogenetic trees of related proteins with an evolutionary model in order to gain insight about protein structure and function. The evolutionary model, based on amino acid substitutions, contains adjustable parameters related to amino acid and sequence properties. A maximum likelihood approach is used with a phylogenetic tree to optimize these parameters. The model is applied to a set of Muscarinic receptors, members of the G-protein coupled receptor family. Here we show that the optimized parameters of the model are able to highlight the general structural features of these receptors.
Introduction
One of the current main challenges in life sciences is understanding the machinery of biological systems. In the core of this machinery lies proteins; our understanding of biological systems is bound to our knowledge of protein structure and function. There has been increasing interest in obtaining information on structure and function from the rapidly-increasing databases of protein sequences, often through the comparison of related sequences. Despite these efforts, there are currently no generally-applicable methods to derive detailed structural and functional information from such investigations.
Like all biological entities, proteins are a result of evolution. They have developed their current structure and function under the influence of billions of years of selective pressure. Analyzing a family of proteins from different species can unravel information regarding this selective pressure. Such a study might allow one to detect and interpret the selective pressures that have acted on these proteins, providing insight about their structure and function.
In order to be fruitful, such examination requires careful choice of the protein family to be examined and the model of evolution to be used. Here we present the application of an evolutionary model based on amino acid substitution to a family of G-Protein coupled receptors (GPCRs). Located in the cell membrane, these receptors activate the associated G-protein bound to their intracellular part upon binding a ligand on their extracellular side. GPCRs constitute one of the largest protein families, making up 3% to 5% of the coding regions in the human genome 1 . They are associated with many signaling pathways in different cells ranging from neurons to muscle cells, and are targeted by more than 50% of all drugs 1 . In addition to their biological significance, the high structural and functional resemblance among family members is another reason to use GPCRs in evolutionary studies. Throughout the family the general topology of seven transmembrane helices connected by extra-and intracellular loops is highly conserved (see Fig.1 ). Despite this conserved general topology, GPCRs are able to achieve different functions by coupling to different ligands and/or G-proteins. The sequence similarity among family members is low due to varying composition and length of loops, while highly conserved transmembrane regions allow for reliable sequence alignments. Currently there are more than 3500 known GPCR sequences with only one crystal structure solved, that of bovine rhodopsin (PSB code 1F88) 2 . All these properties make GPCRs a good candidate for sequence based studies and there are many examples of such studies in the literature. Most important of these are techniques based on pattern recognition 3 and correlation analysis 4 . These analyses are mainly focused on defining key residues responsible for ligand and/or G protein binding. While these methods have provided important information about specific residues, they are unable to generate more general information about how the observed protein properties are determined by the sequence. In addition, the correlation analysis explicitly neglects evolutionary relationships between the proteins, making them susceptible to misinterpreting correlations induced by the phylogenetic relationships.
Model
Evolution proceeds from the fixation of errors occurring during DNA replication. This is generally represented by a substitution matrix, encoding the relative rate at which every possible amino acid or nucleotide substitution occurs on the evolutionary timescale 5, 6 . These matrices generally assume that all locations in all proteins can be represented by the same model. Despite the success of these matrices, there are shortcomings both in their creation and use. Derived from a particular set of proteins these matrices might not be able to mimic the substitutions in a different protein family. Their use for different locations of a given protein is also questionable. Given the structural and functional constraints on a protein both the rate and nature of substitutions among different locations should vary.
There have been attempts to incorporate absolute rate heterogeneity among locations by having the substitution rates multiplied by a site-specific scaling factor 7 . While these models are better able to represent biological data, they cannot account for qualitative variations in the type of selection pressure at various locations. Other models have been developed that allow for different locations to be under different types of selective pressure, either due to differences in local structure 8 -10 or by allowing every location to be described by a different model 11 . The former method ignores differences in selective pressure due to other factors than local structure, while the latter is limited by the amount of available data. We (and others) have developed methods that allow for variation at different locations by postulating that there are a number of different types of locations, each describable with a specific substitution model, where the assignment of locations to different types is not known a priori [12] [13] [14] [15] . In our model this is achieved by using the notions of amino acid fitness and site classes.
The basis of our evolutionary model based on amino acid substitution has been described previously 14, 15 . In brief, we encompass the distribution of selective pressures at different locations in the protein by assuming that each location under consideration can be described by one of a number of possible site classes; each with its own set of parameters defining the substitution rates. The model does not assign locations to site classes, instead we define an unknown prior probability P(k), that any given location belongs to site class k. As all locations must belong to a site class, Σ k P(k)=1. We also imagine that there is a relative fitness F k (A i ) of amino acid A i for any location described by a particular site class k. For example, at the core of a protein we expect a hydrophobic amino acid to have a high fitness value, however we do not impose such expectations on the model a priori. We further argue that the probability of substitution between two amino acids should directly depend on the change in fitness values resulting from such substitution. Thus for each site class we define a matrix for all possible substitutions based on the fitness values. Our particular model uses a function, composed of Gaussian and sigmoidal distributions, to calculate the substitution matrix for a small interval of time:
where ν k is the substitution rate for site class k, λ and β are parameters of the function, and
The use of this so-called "gaumoidal" function allows us simulate two different ideas about the process of evolution simultaneously. For small values of λ, the above function will approach a sigmoidal function where substitutions are accepted with ν k if favorable and tolerated with a decaying probability if unfavorable. For large values of λ, the function will approach a Gaussian distribution where conservative substitutions are favored.
To determine the substitution matrix M, representing the possible substitutions from amino acid A i to A j for any particular amount of evolutionary time t, the Q matrix is exponentiated:
At each location l, the likelihood L l can be calculated as the probability of data given the model's parameters θ and the evolutionary tree topology and branch lengths. Since each location can be represented by any of the site classes and each site class has distinct parameters θ k we have to sum over all possible site classes to calculate this likelihood:
with the likelihood for the tree calculated as the product of the likelihood at each location.
The parameters of the model can be optimized using a maximum likelihood approach on a given tree. To summarize there are 23 parameters per site class: 20 amino acid fitness values F k (with one held constant since the fitness values are relative), substitution rate ν k , gaumoidal function parameters λ and β, and the prior probability for that site class P(k). One of the site class prior probabilities will depend on the others since all priors must add to 1. The initial values for substitution rates are derived from a gamma distribution as described by Yang 16 , while the other parameters are set to arbitrary initial values.
While we do not know to which site class a location belongs a priori, we can calculate a posteriori probabilities. The conditional probability that a location l belong to site class k is given by:
This equation allows us to group locations in the protein that are under similar selective pressure; the parameter values give us insight into the nature of the selective pressure at these locations.
Data and Methods
The model explained above is used to predict the structural and functional properties of a subfamily of the GPCR family. The selected subfamily was that of Muscarinic Receptors. These receptors are activated upon binding of acetylcholine and initiate a set of diverse events in the cell through the associated G protein. In order to optimize the parameters of the model a phylogenetic tree of the selected proteins, shown in Fig. 2 , was created using PROTML 18 . This software uses a maximum likelihood approach to search for the most likely tree topology. We used this program with the default settings, which use automatic search and the JTT matrix of Jones et. al. 6 . The branch lengths of the resulting tree were further optimized using PAML 19 , along with the alpha parameter of gamma distribution used in determining rate variation among site classes. We optimized our model using the tree with optimized branch lengths for increasing number of site classes. For each run the initial rates for each site class are derived from the gamma distribution using the alpha parameter optimized with PAML. The software optimizes all the parameters for each site class and calculates the posterior probability of each location being represented by any site class.
Results
The results of this study consist of optimized fitness values for each site class and the posterior probabilities for each alignment position. We ran the program with two to eight site classes. The resulting optimal parameters are listed in Table 1 . In order to interpret the resulting fitness functions, we determined the correlation coefficient between the values of F k (A i ) and 145 selected amino acid indices from the AAindex database 20 ; the two most highly-correlated indices are also listed in Table 1 . The posterior assignment of site classes was mapped onto the structure of the Muscarinic type 3 receptor from human (ACM3_Human). Fig 3 shows the results for the optimization of two site classes. The same plot also contains the hydropathy plot for this receptor. Hydropathy plots are generally used to detect transmembrane regions of membrane proteins. These plots show the seven transmembrane helices of GPCRs clearly and are generally used to predict their sequence location. The correlation between the posterior assignments into the two site classes and the hydropathy plot show that our model assigns the residues into site classes according to their location. Almost all non-transmembrane residues are assigned to site class 2, while almost all transmembrane residues are assigned to site class 1. The results also show that certain conserved non-transmembrane residues such as residues from 2 nd and 3 rd intracellular loops are also assigned to site class 1 along with most of the transmembrane residues.
The posterior information for larger numbers of site classes is harder to interpret with such simple plots. To see the results from runs with more site classes we converted the posterior information into color strips, where each color represents an assignment of the location to a given site class. Fig.4 shows these strips for different numbers of site classes. As with two site classes, these color strips also indicate a distinct classification of certain residues to different site classes. This classification seems to follow the general topology of GPCRs, which is seven transmembrane helices connected with intra-and extracellular loops. Most of the transmembrane residues fall into same site class regardless of the number of site classes in the model. The residues from the non-transmembrane regions distribute themselves among a set of site classes, generally not including the site classes from the transmembrane helices. As the number of site classes is increased, certain non-transmembrane residues are assigned to site classes characteristic of the transmembrane residues, possibly involving locations where hydrophobicity is important for structural or functional reasons. Table 1 : Parameters for the various site classes.  λ reflects the relative importance of conserving a given property (large  λ) vs. improving that quantity (small λ). Also shown are the two physico-chemical properties with the largest absolute value of correlation coefficients (cc) with F(A i ). The most important of these correspond to flexibility, polarity, hydrophobicity for beta proteins (Hydro (β)), hydrophobocity for alpha proteins (Hydro (α)). The full citation of these and all other properties are given in Table 2 .
The most important of the site class parameters are the fitness values. These values show which amino acids are favored in a given site class. In order to interpret this information we searched for correlation between fitness values and amino acid properties. Table 1 shows these correlation coefficients for runs with different numbers of site classes. Looking at these values, we see two main site classes with high correlation to certain properties regardless of the number of site classes. These properties are flexibility and hydrophobicity in one case and polarity in the other. Interpreting these results together with the color strips we see that the fitness values for the site class that holds the non-transmembrane residues show a strong positive correlation to flexibility and negative correlation to hydrophobicity. The fitness values of the site class that is mainly occupied by residues from transmembrane regions show a negative correlation to polarity. These correlations are in agreement with the general expectation of non-transmembrane residues being hydrophilic and transmembrane residues being hydrophobic. The positive correlation with high flexibility also makes sense since the non-membrane regions have to be highly flexible in order to accommodate the movements of the helical regions during activation of the receptor.
Discussion
The preliminary results presented in this paper show that our model is capable of detecting general structural and functional differences among different locations of a protein from sequence data. The key points in this approach are the degree of relation among the proteins of interest and the phylogenetic tree that relates them. There is much evidence for a strong probability of kinship among all GPCRs. They are believed to share a common ancestor, which is believed to have given rise to general topology of seven transmembrane helices upon gene duplication 21 . Given this evidence of evolutionary relation among GPCRs and the strength of maximum likelihood methods in phylogenetics, we believe that the tree used in this study can be considered "reasonable", if not the most likely tree. We believe that this is a good enough tree to optimize the parameters of the model, given the other studies showing low variation among estimated parameters of a model using a set of possible phylogenetic trees 22 .
Besides the structural information, the model used also gives insight about the process of evolution. For all of the site classes the optimized parameters of the gaumoidal fitness function weight it towards a Gaussian distribution. This might indicate that evolution favors mutations resulting in small fitness changes, as would be expected if multiple substitutions in nearby residues favor the current amino acid type.
The most important point is that we impose no structural or functional information into the model a priori. All results regarding fitness and posterior values are a result of the optimization process and their correlation to structural features is a validation of the model. There is still much to do using larger data sets and site class numbers and as the resolution increases we should be able to pick more detailed structural and functional information from such studies. Currently we are only able to detect correlation and classification of general structural features such as transmembrane/non-transmembrane, but as we develop the method further we hope to be able to detect distinct site classes, holding functionally important residues. It will be interesting to compare the results of runs from other subfamilies of GPCRs and see whether these can account for their different functional properties such as coupling to different G-proteins.
